S1 Equations and fixed parameters in mathematical model

Equation list
A full list of the notation used in equations S1-S18 is given in Table S1 , and the value of constants and parameters which are fixed in the model are shown in Table S2 .
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GHK flux equation
is the permeability of membrane x per unit area to ion n, is the electric PD across membrane x, F is the Faraday constant, R the universal gas constant, T is the temperature in Kelvin, and is the valence of the ion in question.
is the thermodynamic activity of n in the cell ( is extracellular activity), which is related to its chemical concentration via , where is the activity coefficient. The current through ion channels in the apical and basolateral membranes can be determined quantitatively by substituting the appropriate values of , , and into equation S1-S4. Paracellular flux of Na + ( ), K + ( ), Cl -( ) and gluconate ( ) can also be modelled using the GHK formulism. For serosal to luminal paracellular current (flow of positive ions), the appropriate electrical driving force is -, and the relevant concentrations are and , which are used in equation S5-S8.
NKCC co-transporter model
Full description of kinetic model and parameter values used is given in (Benjamin & Johnson, 1997) .
We describe it briefly here.
The basolateral flux due to co-transport is given by where (a free parameter in our model) is the number of co-transporters per unit area of the basolateral membrane, and is the turnover rate of a single co-transport protein, given by
The terms are determined as follows where the coefficients are given
Rate constants and dissociation constants used in this model are mM, mM,
, and they are also taken from reference (Benjamin & Johnson) .
Na + -K + pump model
Full description of sodium potassium pump model are available in reference (Smith & Crampin, 2004) , we use their model description and parameter values. A brief description of the pump model is outlined here.
Flux from the sodium potassium pump, , is given by where is the turnover rate of an individual pump protein, and is the number of pump proteins per unit area of the basolateral membrane (free parameter in our model).
The turnover rate is given by where are the forward and backward rate constants of the reduced 4 stage pump cycle:
Normalised concentrations:
Voltage dependent dissociation constants:
Free inorganic phosphate is given by:
The term in the denominator of is given by a sum of permutations of the rate constants Rate constants used in the pump model are , ,
. Dissociation constants used are , , 
Determining paracellular permeability from shunt resistance
In our model we assume that under resting conditions the paracellular pathway is only permeable to Na + , K + and Cl -ions, therefore the total paracellular or "shunt" current will be given by
Assuming the paracellular currents are accurately described by the GHK formulism (equations S5-S7), and that the cation/anion permeability ratio is , then in the limit of identical bathing solutions this expression reduces to where is the permeability of the pathway to cations.
Shunt resistance is related to shunt current via therefore
Mean shunt resistance was measured (Willumsen & Boucher, 1989) to be and for non-CF and CF epithelia respectively, with solution composition , and . For a non-selective pathway , we find that If we assume a cation selective paracellular pathway with (Levin et al., 2006; Flynn et al., 2009 ) the values we find are
All parameter estimation and Monte Carlo filtering analyses were carried out with the following paracellular transport configurations: (a) unchanged in CF and non-selective, (b) reduced in CF relative to non-CF and non-selective, (c) unchanged in CF and cation-selective, (d) reduced in CF relative to non-CF and cation selective.
For simulations where we assumed a cation selective , we also assumed that .
We estimated the ratio of 1.4 based on recreating the experiments of Coakley et al. who found a permeability ratio (Coakley et al., 2003) .
S2 Model validation
We carried out model validation to assess the stability of the dynamical system to small perturbations of model variables. The perturbations were introduced for numerical validation only,
and not with the purpose of simulating a particular physiological phenomenon.
Model validation was implemented by adding a forcing term in a given ODE for a fixed time interval (one ODE at a time), and analysing if the system remained stable and behaved in a physiologically realistic manner throughout the duration of this interval. The effect of this perturbation on cellular variables such as concentrations and membrane potentials can be seen in Figure S1 . The system remains stable during the forcing, and relaxes to the same steady state as it was initially in, after the input term is switched off.
(b) Sinusoidal input: we implemented a sinusoidal input into the ODE for moles of Na + , with See Figure S2 for plots of physiological quantities over time for this perturbation.
S3 Numerical parameter estimation
The problem of estimating model parameters from observed experimental data can be formulated formally as the following optimisation problem:
(S19) subject to the conditions: is the uncertainty in the experimental data measured at .
The first parameter estimation problem we solved was to find which minimised the residuals between observed data from non-CF HNE cells and model output, for a combined data set from two experiments, "+amiloride " and " ". These in silico experiments can be simulated by setting up the model equations and initial conditions appropriately. Amiloride block of ENaC channels is simulated assuming in model equations but with initial conditions found by solving where . The assumption that this inhibitor only affects the apical Na+ transport pathway is commonly made in modelling studies (Horisberger, 2003; Falkenberg & Jakobsson, 2010; Garcia et al., 2013) and also is the basis for interpretation of amiloride sensitive measurements in the standard nasal PD test (Knowles et al., 1995) .
For modelling how reducing luminal affects system kinetics, initial conditions are found which solve with , and model equations then are numerically integrated from this initial condition with now at 3mM and = 117mM (note we assume that a gluconate concentration is introduced to replace the osmolarity of the Cl -ions which are removed in this experiment). In both cases the change in model variables due to the "+amiloride" or " " perturbation can be found by taking the difference between the initial conditions and the new steady state values, The data used along with the resulting model output is shown in Table S3 .
The second, separate parameter estimation problem was to find which would minimise residuals between observed data from CF HNE cells and model predicted variable values, again for data from a combination of "+amiloride" or " ". The data used in this problem is listed in Table S4 .
In order to implement this formal parameter estimation we created a multistart optimisation problem in Matlab. A sample of randomly generated sets of parameter values were chosen from a uniform distribution (where is the set of baseline parameter values described in Table 1 of the main text). These were used as start points for multiple runs of the minimisation algorithm. The estimation problem (equation S19) was then solved, using fmincon with the interior point algorithm, for each randomly chosen start point. The solution which gave the lowest objective function value, out of resulting sample of minima found by the solver, was considered to be the global minimum in the region of parameter space searched and hence the solution to our problem.
The multi-start optimisation problem was run in four different scenarios, to assess the influence of paracellular permeability ( ) and selectivity ratios ( and ) on the estimated values of and . Initially, we used our baseline estimate for and assumed the paracellular pathway was equally selective (results in Table S5(a)), then we assessed the influence of an increased shunt resistance in CF, again without selectivity of the paracellular pathway (Table   S5 (b)). The effect of a selective paracellular permeability was then assessed with the baseline value of in both CF and non-CF simulations (Table S6 (a)), and the effect of selectivity combined with different CF and non-CF (Table S6 (b)).
To determine approximate confidence intervals for the parameter values estimated in this manner, we analysed the remaining parameter sets which gave values of within 10% of the global minimum value . Then, for each parameter, we computed the difference between the 90 th and 10 th percentile of values which resulted in this set of values, and used this as guide to the confidence in the original parameter estimate. For example, in Table S6 (b), the value estimated for is 0.0214 and only a 2.4% change in this value ( ) will increase the sum of squared residuals by up to 10%, where as we can change our estimate of by 82% and only get similar increases in error, implying the estimate of is significantly better constrained by the data. The second benefit of this confidence interval estimate is that it allows us to make a judgement on whether or not our CF versus non-CF estimates are significantly different, given the data.. Again in Table S6 (b), we can see the CF estimate of is greater than the non-CF estimate, but this is much greater than the likely error in both individual estimates, which is in both cases.
Hence this increase is significant given the different sets of HNE cell data. Figure S3 shows a plot of the model kinetics given by the optimal parameter values we determined in the baseline case, estimated from CF HNE cell data. The results of solving S19 for data from non-CF HNE cells, can be seen in figure 2 of the main text for comparison.
S4 Determining feasible non-CF and CF parameter distributions Monte Carlo sampling of parameter values from baseline estimates
To generate a population of individual parameter sets (a unique set of parameter values ) representative of the region of parameter space around the baseline parameter set , individual were randomly chosen from a uniform distribution . Each element of was chosen from its own uniform distribution (e.g. from etc), and each element was chosen independently of all the other elements.
The factor of 5 is arbitrary, this range is an attempt to represent the variability in transport parameters likely to be found in different cultures and cells, by not overlooking any physiologically relevant area of parameter space.
Physiologically realistic steady state behaviour
Equations S13-S18 describe a set of coupled ordinary differential equations (ODE's) of the form , where is the vector of transport parameters as described previously, and is a vector containing the model variables. For the model to predict steady state or homeostatic behaviour, physiological variables must not be changing in time,
and hence the condition must be satisfied. For a given set of parameter values , we can therefore find the associated steady state variable values by numerically solving the relevant set of non-linear equations, , for .
In this study we generated parameter sets , and solved for each, to find the corresponding set of steady state variable values . The non-linear equations were solved using the Matlab function fmincon with the sqp algorithm. Parameter sets which predicted unphysiological steady states were discarded. A parameter set was deemed to be un-physiological if it predicted steady state variable values that were not within the ranges which have been observed in HNE cells in vitro. Table 2 in the main text contains the upper and lower bounds determined for feasible steady state and kinetic bioelectric properties of normal and CF HNE cells.
We chose the upper and lower bounds on allowed cellular variables to be the 90th and 10th percentile respectively, of the distribution measured for each variable, wherever an appropriate distribution had been published. A distribution of steady state cellular variables has been published for in normal and CF HNE cells (Willumsen et al., 1989a (Willumsen et al., , 1989b Willumsen & Boucher, 1991b , 1991a .
The upper and lower bounds on the allowed change in cellular variables due to a "+amiloride" or " " experiment was determined differently, as distributions of these quantities was not presented for measurements. Here data for initial and final variable values (say before and after amiloride addition) was published as the mean value of the quantity in question, , plus or minus the standard error . In order to calculate the relevant upper and lower bounds on , we used since for the variance in , when
, and are the variances associated with measurements of respectively.
Physiologically realistic transport kinetics
The second stage of model verification was to find parameter sets which predicted realistic transient behaviour of physiological variables, as well as realistic homeostatic behaviour. To do this we simulated a number of biologically relevant in silico experiments, for which experimental data on membrane potential and intracellular concentration kinetics was available.
The two types of simulated experiment carried out were (i) pharmacological block of ENaC channels and (ii) changing luminal Cl -concentration, and these were implemented by appropriate choice of initial conditions and model equations, as follows:
i. Amiloride block of ENaC channels.
Initial conditions are chosen which give a steady state with a non zero ENaC permeability (i.e. ). With these initial conditions, the system is numerically integrated assuming the ENaC current is completely blocked by amiloride, that is we set in the model equations.
ii. Reducing [Cl -] in the luminal solution.
Initial conditions are chosen which give a steady state when .
Model equations are numerically integrated, from this initial condition, with now set to 3mM and a gluconate concentration replacing the lost in the luminal compartment . We assume gluconate cannot permeate through the cell membrane, but will diffuse along the paracellular pathway, creating a current .
The net effect of (i) is to block the apical Na + current (i.e. ), and the net effect of (ii) is to increase the driving force for Cl -secretion across the apical membrane (luminal osmolarity remains the same.
For each parameter set which remained after the initial model verification, the two in silico experiments as described above were simulated by numerically integrating the set of ODE's S13-S18, with the steady state value for that particular parameterisation used as the initial condition.
Numerical integration of the system was carried out in Matlab using the ode15s function, for a time interval much greater than the relaxation period of the system (t=3600s), to allow it to reach a new steady state. The changes in physiological variables between old and new steady states, can be recorded and compared with experiment.
which predict that are not physiologically realistic can be discarded. The expected changes in steady state variables used as filters are listed in Table 2 in the main text.
Parameter sets which predict steady state and kinetic model behaviour in quantitative agreement with observed data from non-CF HNE cells are shown in Figure S4 , and those which can satisfy the CF constraints in Figure S5 . 
Influence of paracellular permeability & selectivity on feasible parameter distributions
As well as performing the MC filtering analysis for our baseline estimate value of , we also repeated the analysis to assess whether increased shunt resistance in CF or selective paracellular permeability would significantly alter the outcomes. In line with our parameter estimation work, we separately investigated the effect of (i) 
S5 Model sensitivity analysis
To quantitatively assess the relative influence of transport parameters on physiological variables of interest, we carried out a sensitivity analysis using the data resulting from the model verification process. The approach we take is similar to that of Taylor, Goaillard and Marder (Taylor et al., 2009) where the authors are determining how different conductances affect electrophysiological properties of an multi-compartmental cellular model of a neuron, and Sobie (Sobie, 2009) Once the population of parameter sets is z-scored, the regression model was fit using Matlab function regstats with option 'quadratic'. The regression coefficients determine the strength of the linear correlation between parameter and output . By comparing the magnitude of the linear regression coefficients we have a way of objectively determining the relative influence that transport parameters have on the physiological variable of interest. In our study we carry out sensitivity analyses to determine the relationships between transport parameters and basal , , and . The results of these analyses are listed in Table S9 . Table S3 : (a) Experimental data used for estimation of non-CF transport parameters. Concentrations are given in mM, membrane potentials in mV, and time in seconds. Equivalent data predicted by optimal parameter set in the case of baseline and nonselective paracellular transport are shown in (b).
S7 Tables
Quantity
Sources of observed data:
for n=1, 2 : Data found by digitizing plots in Figure 8 of reference (Willumsen & Boucher, 1991a) , using the initial steady state and final data points from each time course plot. for n = 3, 4: Table 4 in (Willumsen et al., 1989a )* for n = 5, 6: Table 3 in (Willumsen et al., 1989a) Sources of observed data are:
for n = 1, 2: Table 3 in (Willumsen et al., 1989b )* for n = 3, 4: Data found by digitizing plots in Figure 7 of reference (Willumsen & Boucher, 1991b) , using the initial steady state and final data points from each time course plot.
for n = 5, 6: Table 2 in (Willumsen et al., 1989b )* * Assuming system is at steady state when measurements are made at .
Note since measurements of and from two separate "+amiloride" experiments are included in the objective function, we weight the residual error from each of these data points by ½, in order to give the same weight to these measurements as to and , for which only 1 set of measurements is available. (Willumsen & Boucher, 1989) Figure ), for the distribution of non-CF values found. For a given low Cl -response, hyperpolarisation or depolarisation of basal is possible, but there appears to be a limit on the hyperpolarisation possible (suggested by dashed line), which is significantly less than the magnitude observed in CF.
S8 Figures
